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Abstract
Monitoring of respiratory mechanics is required for guiding patient-specific mechanical ventilation set-
tings in critical care. Many models of respiratory mechanics perform poorly in the presence of variable
patient effort. Typical modelling approaches either attempt to mitigate the effect of the patient effort
on the airway pressure waveforms, or attempt to capture the size and shape of the patient effort. This
work analyses a range of methods to identify respiratory mechanics in volume controlled ventilation
modes when there is patient effort. The models are compared using 4 Datasets, each with a sample of
30 breaths before, and 2-3 minutes after sedation has been administered to reduce patient efforts, where
the underlying pulmonary mechanical properties should be unchanged over such a small period. Model
identified parameters from breathing cycles with patient effort are compared to breathing cycles that
do not have patient effort. All models have advantages and disadvantages, so model selection may be
specific to the respiratory mechanics application. However, in general, the combined method of iterative
interpolative pressure reconstruction, and stacking multiple consecutive breaths together has the best
performance over the Dataset. The variability of identified elastance when there is patient effort is the
lowest with this method, and there is little systematic offset in identified mechanics when sedation is
administered.
1. Introduction
Continuous monitoring of patient-specific respiratory mechanics through model-based methods en-
ables the optimisation of patient-specific mechanical ventilation (MV) therapy in the critical care en-
vironment [1–3]. However, the application of model-based methods are hindered by patients breathing
spontaneously and/or asynchronous events during MV [4–6]. Most respiratory mechanics models are
passive, and assume patients are fully sedated during controlled ventilation modes. However, during
lower levels of sedation, patients may breathe on top of MV support [7–9]. These spontaneous breath-
ing efforts cause highly variable airway pressure or flow profiles, and frequent inaccurate estimations of
respiratory mechanics parameters if these passive models are used.
The presence of patient effort when the respiratory model does not account for it, results in poor model
fit and poor parameter estimations [10]. Equally, there is currently no way to predict the magnitude
or trajectory of these external inputs, as they are likely a function of patient condition, sedation, and
ventilator settings. Hence, it is not practicable to incorporate the external inputs in a model. More
complex models of respiratory mechanics that multiple compartments and non-linear effects can be more
physiologically accurate. These models could be adapted to include compartments to represent patient
breathing effort. However, the addition of model parameters to an already complex model is likely
to cause these models to be practically non-identifiable with only clinically available ventilation data
[10–12]. Hence, models cannot become too complex before they become unusable in a clinical setting.
Finally, the existing approaches to measure or to approximate the patient breathing effort tend to
introduce additional invasiveness and cost, and are therefore less desirable for use in clinical decision
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support systems [13, 14]. In particular, oesophageal balloon catheters have been used to estimate pleural
pressure [15]. Estimations of pleural pressure enable changes in pressure due to diaphragmatic activity
to be separated from the pressure supplied by the ventilator, hence, allow better estimation of patient-
specific respiratory mechanics. The use of an oesophageal pressure catheter requires experience and
additional equipment to correctly place and inflate the balloon [15]. Use of oesophageal catheters is also
invasive and uncomfortable for the patients [14]. Therefore, their use is not generally desirable in clinical
practice.
The forced oscillation technique is another method to estimate the respiratory mechanics of the spon-
taneously breathing patients [16]. In this method, small amplitude pressure signals at varying frequencies
are applied to the airway pressure, which can be used to identify frequency dependent respiratory me-
chanics, independent of patient breathing effort [17]. However, forced oscillation requires additional
equipment to perform, and has so far had limited application in the clinical environment [18].
Hence, there is need for respiratory mechanics models and identification methods that can capture
these spontaneous and/or asynchronous breathing efforts, while maintaining good respiratory mechanics
estimations. Asynchronous events occur when the patient effort does not occur at the same time as the
ventilator provides breathing support, and result in a perturbed airway pressure or flow profile [7, 8, 19].
In recent studies, several models were developed to capture or reduce the effects of asynchronous
efforts or spontaneous breathing on the airway pressure waveform, to improve respiratory mechanics
monitoring. For example, Major et al. [20] introduced a method by pooling airway pressure to reduce
the asynchronous effects for better respiratory mechanics estimations. Redmond et al. [21] proposed a
polynomial model to capture patient efforts during volume controlled ventilation modes. Damanhuri et
al. [22] reconstructs airway pressure to minimise these asynchronous effects by building up the missing
part of the pressure profile. Vicario et al. [23] proposed a constrained optimisation approach to capture
patient respiratory mechanics and spontaneous breathing efforts during pressure support ventilation. All
these methods provide opportunity to improve respiratory mechanics estimations during MV.
To provide consistent respiratory mechanics monitoring for mechanically ventilated patients, these
models need to be capable of responding to changes in the frequency and timing of patient effort. This
paper presents a comparison of these models/methods. In this study, the performance of these selected
models was evaluated using MV data that contains spontaneous breathing efforts during volume con-
trolled ventilation. This study will provide a comprehensive understanding of the problem faced during
MV respiratory mechanics estimations and the advantages and disadvantages of each model/method.
2. The Models & Algorithms
All of the models presented here are investigated using data from patients ventilated on volume control
mode. During volume control ventilation, patient efforts/asynchrony are seen as perturbations of the
independent, uncontrolled pressure profile, while the dependent flow input is controlled as expected by
the ventilator. Figure 1a shows a typical airway and pressure waveform of a sedated patient and Figure 1b
shows the perturbations in the pressure waveform in the same patient when patient spontaneous effort
occurs. Therefore, in many of these models, the airway flow and volume profiles can be considered
normal, and adjustments are made to enable the use of pressure waveforms modified by patient effort.
The models presented in this comparison study take two different general approaches. The first
approach is to capture, rather than remove the unmodelled patient effort, and thus model and identify
the patient effort profile. These models have the additional purpose of monitoring some metric of patient
effort, such as work of breathing, but do so directly as part of the model. Polynomial model of effort (see
Section 2.2) and constrained optimisation (see Section 2.3) take this approach. The second approach is to
remove and/or minimise the effect of the patient effort, and eliminate asynchronies. These models were
developed for the purpose of respiratory mechanics estimation. Pressure reconstruction by combining
breaths (see Section 2.4), and iterative pressure reconstruction (see Section 2.5) take this approach.
Post-algorithm comparison of the original and reconstructed pressure waves can provide an estimate of
patient effort .
2.1. Linear single compartment model
The linear single compartment lung model represents the airway pressure as a linear combination of
flow and volume [10], as shown in Equation (1). This model assumes no patient effort and is clinically
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Figure 1: Sample breaths from Dataset 2. a. shows a clean pressure, flow, and volume waveform with no patient effort
after sedation has been administered and b. the patient effort during a breath before sedation has been administered. As
this is from volume control ventilation, the flow, and therefore volume waveforms are very similar, while the major change
is in the pressure waveform.
accepted [10, 24], and will thus be used as a baseline comparison of the performance of other models
when there is spontaneous breathing.
Paw(t) = E V (t) + R V̇ (t) + P0 (1)
In this model, Paw is the airway pressure, t is time, V is the air volume, and V̇ is the air flow. P0 is
an offset pressure, usually positive end-expiratory pressure (PEEP) if there is no auto-PEEP [25]. E is
respiratory system elastance and R is respiratory system resistance.
The single compartment model typically performs poorly in the presence of patient effort, and often
misestimates elastance due to the anomaly in airway pressure caused by patient effort [26]. E and R
are identified using linear least squares with measured Paw, V̇ , and calculated V over the inspiration
of one breath [24]. Figure 2a shows how the single compartment model fits to a sample breath during
inspiration with a large patient effort at the end of inspiration.
2.2. A Polynomial model of effort
When the patient breaths spontaneously on top of ventilator support, the diaphragm contracts,
creating a negative pressure in the pleural space. This negative pressure generates a drop in the airway
pressure. If the pressure drop is assumed to have a fixed shape, the magnitude and timing of this effort
and the respiratory mechanics parameters can be identified [21]. In this polynomial model of effort, the
patient effort, Pe(t), is included in the single compartment model.
Paw(t) = E V (t) + R V̇ (t) + P0 + Pe(t) (2)
It is assumed to have a parabolic shape which can be described by three parameters.
Pe(t) =

0 t < ts
at2 + bt + c ts ≤ t < tf
0 t ≥ tf
(3)
This patient effort is modelled by a quadratic function, as shown in Equation (3). In this model ts
and tf represent the ‘starting and finishing time’ of patient effort, and are determined by the roots of
the polynomial at2 + bt + c = 0.
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Figure 2: Model fitting to a sample breath during inspiration. a The single compartment model with identified E=6.7
cmH2O/L and R=13.0 cmH2Os/L. b Polynomial effort model, showing the predicted pressure profile in the absence of
patient effort. Identified E=35.0 cmH2O/L and R=6.0 cmH2Os/L. c Constrained optimisation approach including the
patient effort profile. Identified E=9.7 cmH2O/L and R=2.1 cmH2Os/L.
An iterative multiple linear regression is used to simultaneously solve for the patient effort and
respiratory mechanics parameters during inspiration [21]. Figure 2b shows how the model fits to a
sample breath, and the predicted pressure profile that would exist in the absence of patient effort.
2.3. Constrained optimisation for approximating patient effort
The constrained optimisation approach assumes certain inequality constraints on the patient pressure
profile [23], rather than a fixed shape used in the polynomial model. The patient effort profile (P̃mus) is
allowed to monotonically decrease up to a certain point, and then monotonically increase until the end
of inspiration, where it remains constant throughout expiration.
P̃mus(tk+1) − P̃mus(tk) ≤ 0 for k = 1, 2, . . . ,m− 1 (4a)
P̃mus(tk+1) − P̃mus(tk) ≥ 0 for k = m,m + 1, . . . , q − 1 (4b)
P̃mus(tk+1) − P̃mus(tk) = 0 for k = q, q + 1, . . . , N (4c)
Paw(t) = E V (t) + R V̇ (t) + P0 + Pmus(t) (5)
Equations (4) shows the inequality constraints applied to P̃mus which is used in place of Pe in Equation
(2), to give Equation (5). The bounds m and q in Equation (4) represent the time of the maximum
patient effort and end of patient effort, respectively. The value of q is fixed to the start of expiration.
The value of m is found by a search for minimum model fitting error for all value of m in the range
0 < m < q. These inequality constraints, and limits on the values of E, R and P̃mus can be included
in solving this problem by quadratic programming [23]. Figure 2c shows the fitting of this model to a
sample breath, and the identified patient effort profile.
2.4. Pressure Reconstruction by combining breaths
Pressure reconstruction by pooling multiple breathing cycles (known as PREDATOR [27]) works on
the assumption that only parts of the breath are affected by unmodelled patient effort. This assumption
suggests that there are regions during inspiration where the pressure profile is “correct”, or unaffected
by patient effort and can be modeled by the single compartment lung model. By pooling and combining
multiple breathing cycles, over up to five breaths, a larger region of the pressure waveform unaffected
by patient effort can be found. The single compartment model can then be fitted only over the region
of “correct” pressure during inspiration. Figure 3 illustrates the stacking process and the subsequent
fitting of the single compartment model to the reconstructed pressure profile. This approach provides less
variable and more accurate estimations of the true, underlying respiratory mechanics. Its disadvantage



























































Figure 3: Pressure reconstruction by combining 5 breaths. The original breath and the additional 4 breaths are shown



























































Figure 4: Iterative Pressure reconstruction performed on the sample breath. Moving from left to right shows each successive
iteration, followed by the final reconstructed pressure curve and the model fitting. Identified E=23.5 cmH2O/L and R=9.2
cmH2Os/L.
during major MV pressure and flow profile changes during recruitment manoeuvres. The details of this
method can be found in [20, 27, 28].
2.5. Iterative interpolative pressure reconstruction
An iterative interpolative pressure reconstruction (IIPR) method [29] identifies the presence of asyn-
chronous events in the airway pressure profile, and reconstructs the pressure iteratively through a series
of airway pressure fillings and model identification. This method is an extension of Damanhuri et al.’s
simple airway pressure filling method [22] to improve the reconstruction. Once the airway pressure is it-
eratively reconstructed for a single inspiration, it delivers a final breath-specific elastance and resistance.
This approach thus reconstructs breath by breath. Figure 4 shows the sequential reconstructions that
iteratively build up the pressure profile of a volume controlled inspiration affected by asynchrony.
2.6. Reconstructed then stacked
In this study, the IIPR method (section 2.5) is combined with the PREDATOR method (section 2.4),
and its performance in respiratory mechanics estimation is evaluated. 5 consecutive, IIPR reconstructed
breaths are selected, then they are pooled, using the PREDATOR method, and the single compartment
model is applied over the inspiration region. Figure 5 shows the five reconstructed breaths, and how the
model fits to the maximum of the pressure waveforms.
3. Methods
3.1. Data
Four retrospective Datasets were used for this study. The patients were ventilated on synchronous
intermittent mandatory ventilation mode with volume control ramp flow profile using PB-840 ventilators



























































Figure 5: Stacking of five breaths that have all been iteratively reconstructed with IIPR. The five reconstructed breaths
are the same as shown in Figure 3. The final stacked and reconstructed pressure profile and model fitting are shown on
the right. Identified E=26.8 cmH2O/L and R=9.6 cmH2Os/L.
Table 1: Mechanical ventilation parameters for each patient on the day the data was recorded, and the primary diagnosis
for ICU admission.
Patient 1 2 3 4
Primary diagnosis Fecal Peritonitis Fecal Peritonitis Cardiac surgery Pneumonia
Tidal Volume [mL] 365 370 480 540
Respiratory rate [1/minute] 18 19 14 18
PEEP [cmH2O] 15 17 11 13
Patients were mechanically ventilated and exhibiting asynchronous spontaneous breathing on top of ven-
tilator support. The patients were then sedated for clinical reasons. When sedation is administered, the
patient’s spontaneous breathing efforts cease, enabling the comparison of predicted respiratory mechanics
from the pre-sedation data with the more reliable respiratory mechanics estimations from post-sedation
data.
A sample of 30 consecutive breathing cycles before and approximately 3 minutes after administration
of sedation was selected for this analysis. No other changes were made to mechanical ventilation between
pre-sedation and post-sedation sample, or immediately prior to the pre-sedation sample. Figure 6 shows
the first 10 breathing cycles from each Dataset, both pre-sedation and post-sedation. The pre-sedation
figures illustrate the heterogeneous nature of the patient effort that may occur. The overall number of
breaths and patients is designed to show differences in models.
3.2. Comparison of methods
3.2.1. Elastance (E) and Resistance (R) before and after sedation
Within a short period, and assuming no major changes occurred in patients condition as well as
MV setting, it is assumed that the respiratory mechanics should exhibit only small natural variation
[30]. Thus, a model should identify E and R values with very little variability across the 30 consecutive
sampled breaths. In addition, identified E and R would be very similar pre- and post-sedation, possibly
with a slight increase in elastance after sedation is applied [31]. The pre- and post-sedation distributions
of E and R are then compared for each model and each Dataset. Variability, and the shift in median
identified parameters are used to assess method efficiency.
3.2.2. Variability of parameter estimations
The variability of the parameter estimations (E and R) from each model is assessed using median
absolute deviation (MAD). MAD is calculated from the medians of absolute deviations from the sample
median.
4. Results
Figures 7 and 8 show the pre-sedation and post-sedations cumulative distributions of identified elas-
tance and resistance respectively, for each model across all Datasets. In Figure 7, it can be seen that
the smallest change in median estimated elastance in Datasets 1 and 4 is with the II Predator model,
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Figure 6: Pressure waveforms of the first 10 breathing cycles of each of the four data sets
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Dataset 2 with the polynomial model, and Dataset 3 with IIPR. Figure 8 shows that the smallest change
in median estimated resistance in Dataset 1 is from the II Predator model, Datasets 2 and 4 with the
single compartment model, and PREDATOR for Dataset 3. Additional numerical results are included in
Appendix A, Tables A1 and A2 with a summary of the differences in distributions of estimated elastance
and resistance.
The variability of the estimations of elastance and resistance are shown in Tables A3 and A4 present
the median absolute deviations of the model identified parameters. Variability is also seen in Figures 7
and 8 where the cumulative distribution curves are less vertical.
The MAD elastance in the pre-sedation data is lowest for II PREDATOR in Datasets 1 and 4, while
PREDATOR is lowest in Datasets 2 and 3. MAD resistance is lowest for II PREDATOR in Datasets
1,2 and 4, while PREDATOR has the most consistent resistance estimates in Dataset 3. Figure 9 shows
a representation of performance of the models. It shows both the variability of the estimated elastance,
and the change in median identified elastance after the administration of sedation. For each method,
values closer to (0,0) indicate better performance.
5. Discussion
5.1. Single Compartment Model
The single compartment model performs exceptionally poorly when there is any level of asynchronous
patient effort. Figure 9 demonstrates how this model can have large differences in median identified
elastance (+ symbols) in this baseline case, and also highly variable elastance and resistance estimations,
as seen by the very high MAD for some patients in Table A3. This poor performance is expected as the
model is passive and is not capable of capturing the effects of noisy and/or asynchronous breathing. The
single compartment model is very simple, easy to identify with clinical data, and performs well when the
patient is sedated with no spontaneous or asynchronous breathing, but is very sensitive to patient effort
[32, 33]. Figure 2a shows an example of overestimation of resistance and underestimation of elastance
that occurs when the airway pressure in the middle of inspiration is greatly reduced due to patient effort.
The single compartment model is included in this analysis as a baseline for comparison of performance
against the other models, as it does not take into account patient effort. As such, the single compartment
model is expected to have worse performance than the other models.
5.2. Models to capture patient effort
Both the constrained optimisation and the polynomial model are similar in the way they attempt to
model the unknown patient effort that is acting on the basic single compartment model. By approxi-
mating the patient effort, it enables the respiratory mechanics representing the condition of the lung to
be identified.
5.2.1. Constrained optimisation
The constrained optimisation approach, as presented by Vicario et al. [23], was designed for esti-
mation of respiratory mechanics in spontaneously breathing patients during pressure control ventilation.
In the comparison of methods presented here, the constrained optimisation approach has been applied
to volume-control ventilation data with patient efforts that are more varied in timing and size than the
data the model was developed with [23]. Because of the approach to fitting the model, it is limited to
capturing patient efforts that occur in inspiration, though all other models presented here also only focus
on inspiration.
The constrained optimisation model was not developed for identifying respiratory mechanics during
asynchronous breathing. Instead, its goal was to capture the magnitude and timing of patient efforts.
The modelled patient effort profile can then additionally be used to monitor the work of breathing [34].
In addition, it also captures respiratory mechanics, and thus offers a single method for both outcomes
with no need for an extra comparison of pressure waveforms.
Figure 11a demonstrates constrained optimisation model performing well, on a breath where the pa-
tient effort is at the start, and in good synchrony with the ventilator effort. The constrained optimisation
approach uses the entire breathing cycle of data, rather than just the inspiration part as used by the
other models. As the length of time in the expiratory phase is relatively longer than inspiration, there
is more data points, so the model is preferentially fitted to the expiration data. Respiratory mechanics
seen in inspiration can vary from those identified during expiration [35, 36]. The preferential fitting
of expiration can often result in poor model fitting in the region of inspiration unaffected by patient
8


























































































































































Figure 7: Distributions of elastance, E, [cmH2O/L] across models and patients, showing both pre-sedation (dashed) and
post-sedation (solid) breaths
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Figure 8: Distributions of resistance, R, [cmH2Os/L] across models and patients, showing both pre-sedation (dashed) and
post-sedation (solid) breaths
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Figure 9: Graphical representation of performance of each model for elastance estimation for each Dataset. Vertical axis is
the difference in medians of identified elastance for each model, pre- and post-sedation, with one marker for each patient.
The horizontal axis is the sum of median absolute deviation (MAD) pre-sedation and post-sedation for each model and
patient. Difference in medians, and MAD closer to 0 indicates superior performance of the model.




































Figure 10: Performance of each model in estimating resistance for each Dataset. The PREDATOR model has the best
estimates of resistance as it has a small difference in median estimated resistance after sedation, and a low median absolute
deviation over all Datasets.
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Figure 11: The constrained optimisation model. Part a shows where this model does not perform very well. The part of
inspiration before the obvious patient effort has a very poor model fit, and subsequently poor estimation of elastance and
resistance. Part b shows the model performing better, and capturing the position of patient effort used to trigger the breath.
This breathing cycle is similar to the type of data that the model was developed on. Part c shows the same breathing
cycle as part a, but with the model only fitted to inspiration, and the patient effort in d. The identified parameters are
physiologically implausible, E ≈ 400cmH2O/L and R ≈ 0 cmH2Os/L.
effort. In general this is seen in the poor elastance estimates in the pre-sedation period in Figure 7. In
particular, Figure 11b shows an example of the poor fitting in the early part of the breath.
To force preferential fitting of the data to the inspiration part of the cycle, the expiration part can
be completely excluded. However, this choice presents further difficulties. The constraints applied to the
patient effort profile are not sufficient to ensure a physiologically plausible effort profile, and the result
can be a perfect fitting of the data in inspiration due to an unreasonably strong patient effort resulting
in physiologically implausible estimations for E and R. An example of this issue is seen in Figure 11c,
where the constrained optimisation model has been fitted for inspiration only, to the same breath in part
b. The lower panel shows the unreasonably large patient effort of 150 cmH2O and the modelled pressure
profile with patient effort removed. Finally, changing the weighting between expiration and inspiration
yields results across this spectrum with similar issues.
Hence, the disadvantages of the model are problematic in this application. However, the model is
likely to perform well in patient triggered spontaneous breathing modes [23, 34]. As a result, it performs
better in cases for which it was designed, but less well in the highly variable Dataset used here, as seen
in Figures 7 and 8.
5.2.2. Polynomial model
The polynomial model has reasonable success where the patient efforts occur for a small portion of
the inspiration time. However, when the patient efforts are long, this model can give physiologically
implausible results [21]. When the patient effort is long, there is less inspiratory pressure data unaffected
by patient effort, and thus the elastance and resistance estimations become less reliable. This issue is
evident in the highly variable results presented across all patients in Figure 7 for identified elastance
before sedation.
The polynomial model is very similar to the constrained optimisation approach, though it has a far
stricter constraint placed on the patient effort profile. Constrained optimisation only restricts the patient
effort to be monotonically decreasing in the first part, followed by monotonically increasing, and then
constant during expiration. Because the polynomial model places more constraints on the shape of the
effort, it is less likely to fit the patient effort to the entire inspiration region, as can sometimes occur
the constrained optimisation model. The main advantage of the polynomial model is the very simple
patient effort profile, though this is also a limitation, as the exact shape of the unknown patient effort is
specified in the model.
5.3. Methods to mitigate the effects of patient effort
The PREDATOR, IIPR, and the combination of these two methods, have been developed for the
purpose of respiratory mechanics estimations in volume controlled ventilation when there is some form
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of disturbance to the pressure waveforms. Because of this design, model fitting error is not a good way
to analyse the efficacy of these models. The models are not intended to closely fit to all of the measured
data, as certain sections of the data are being rejected as asynchronous, or corrupted by the unmodelled
input from the patient’s spontaneous breathing efforts.
5.3.1. PREDATOR
The PREDATOR method has reasonably stable parameter estimations, as low MADs are seen in
Datasets 2 and 3, with more variable estimates in Datasets 1 and 4. Reasonably low variability is
expected due to the pooling and stacking of breaths, though the stacking process also results in higher
pressures in general than are seen in other models. The higher overall pressures come from using the
maximum of each pressure as the best estimate of the waveform in the stacking and reconstruction
process. These higher pressures result in a reasonably consistent higher estimation of elastance [27].
This offset is the main drawback of the PREDATOR method, and is apparent in Figure 9 where the
PREDATOR model tends to have a higher elastance before sedation, due to the asynchronous breathing
that occurs (only) then in this study. This outcome contrasts with the other methods which tend to have
a slight increase in elastance after sedation is applied, which is consistent with a small amount of regional
lung collapse due to added sedation [31]. PREDATOR has the advantage of being very conceptually
simple in its implementation. The main limitation of this model is that it requires multiple breaths to
obtain an estimate of respiratory mechanics. Thus, there is a lag in identified E and R when used in
real-time. Additionally, consistent patient efforts very close to the start of inspiration leave a very small
number of data points available for model identification which can lead to highly variable parameter
estimations.
5.3.2. IIPR
IIPR is generally quite effective at identifying a stable estimate of respiratory mechanics in this data
set. As can be seen in Figure 9 and Table A1, the change in median identified elastance is generally
small, though the variability of the estimated elastance is larger than might be desired clinically. IIPR
has an advantage over PREDATOR as it only requires one breath for reconstruction. The single breath
advantage is only evident when using reconstruction during recruitment manoeuvres where breaths at
each PEEP level may be limited. It thus maximises the data and breaths available in a way PREDATOR
does not. A limitation of IIPR is that it is always a proxy and a guess for the correct shape while assuming
that a passive lung should behave according to the single compartment model, as the assumption of linear
single compartment behaviour is made as part of the reconstruction process.
5.3.3. II PREDATOR
Combining IIPR and PREDATOR improved performance of the models presented here. In some
Datasets, II PREDATOR has worse performance in variability of elastance estimate (Figure 7 and
Table A3 Dataset 2 and 3) than PREDATOR, though in Dataset 1 and 4, PREDATOR has a highly
variable elastance estimate. Figure 9 and Table A3 shows that II PREDATOR has the lowest mean
MAD of elastance, and that II PREDATOR has the least variable elastance estimates across all patient
data.
II PREDATOR does have more variable estimates of resistance overall than PREDATOR, as seen
in Figure 10 and Table A4. To guide treatment, elastance is used more than resistance[24, 37, 38],
so a consistent elastance estimate is more clinically beneficial than a consistent resistance estimate. II
PREDATOR has the same disadvantage as PREDATOR as it requires five breaths to pool together to
make a respiratory mechanics estimate, though it does have the best performance in elastance estimates
of all the models tested.
5.4. Model Comparison
From the results, II PREDATOR has the best performance in general of all the models on the data
tested. Figure 9 shows that in general, II PREDATOR has lower median absolute deviations, suggesting
more consistent elastance estimation across the pre- and post-sedation range, and lower difference in
medians. Figure 10 shows II PREDATOR is also reasonably good at resistance estimations, though has
slightly worse performance than PREDATOR for resistance estimations.
It is hypothesised that the true respiratory system resistance should not vary too much when sedation
is applied, as there should be very little change in underlying lung condition over such a short time with
no change in MV settings. Respiratory system elastance could be expected to either stay the same or
13
have a relatively small increase to account for any regional lung collapse. Thus, consistency over this
range in Figures 7 and 8, and Tables A1 to A4, with values closer to (0,0) in Figures 9 and 10, indicates
that II PREDATOR is a better method.
However, depending on the particular respiratory mechanics application, other models may be more
suited to specific applications. For example, in long term monitoring of a patients condition, where the
level of spontaneous breathing is changing over time, a small difference in medians is the most important,
and a higher level of variation in parameter estimations may be tolerated. A smaller change in median is
also desirable when comparing using respiratory mechanics in conjunction with a lung imaging technique.
In this situation, having a “correct” value for respiratory mechanics during sedation, and when patients
breathe spontaneously is most important.
For assessing respiratory mechanics over a short period of time, such as during a short staircase
recruitment manoeuvre, where there may only a limited number of breaths at each PEEP level, a lower
MAD is more important. During a recruitment manoeuvre, if sedation is kept constant, only the relative
changes in mechanics during PEEP changes is of interest, and therefore less variability in the parameter
estimations is desirable. If PEEP selection is being guided by a particular parameter, such as minimal
elastance [37, 39], then the most appropriate model is the one that provides the lowest MAD for the
parameter of interest. Tables A3 and A4 show II PREDATOR has the lowest MAD elastance and
PREDATOR has the lowest MAD resistance
5.5. Data
This study relies on having data recorded exactly when patients have sedation administered for
clinical reasons. This type of data allows the analysis of models to determine how the models perform
with and without patient effort for a very similar lung condition and unchanged MV settings. Hence,
the observational data we have available is somewhat limited and not consistent. While the analysis
would be improved with more data, the varied nature of the data that is presented in this work (see
Figure 6) means the results are probably reliable. Further validation of the results presented here could
be achieved with a larger observational or interventional trial.
A true validation of the respiratory mechanics during spontaneous breathing would only be available
with a measure of pleural pressure, as obtained from an oesophageal pressure catheter. In the absence
of this additional invasive monitoring, data from the same patient before and after sedation, provides a
reasonable validation of performance of the models during spontaneous breathing effort.
It is beneficial to have analysis performed with noisy data from clinical observation rather than the
“clean” and “useful” data that is often used to develop models. Adding gaussian noise to simulated
breathing cycles may be beneficial in testing the practical identifiability of the respiratory mechanics
model. However, in a clinical scenario, the variability in patient effort tends to be highly inconsistent
[40], and for models to be clinically applicable, they must be robust to the broad range of data. Hence,
analysis using the type of data presented here is useful and clinically important.
5.6. Limitations of the study
A comparison of model fitting error is not performed here. This is because a lower model fitting
error is guaranteed in some models because of the process of reconstruction, or having many more free
parameters. In addition, fitting the recorded data very closely does not necessarily mean the model is
good. Specifically, there are regions in many breaths where the data is not expected to match the model
due to the patient effort. Hence model fitting error is not a suitable parameter in this study.
This work solely uses data from volume control ventilation. Therefore, the suggestion of the best
model and method to use in the presence of variable patient effort is limited to this case. Some of these
models may also work in pressure control ventilation modes, but this would require a separate study or
analysis for which data was unavailable.
6. Conclusions
In this study, several existing methods for estimating respiratory mechanics during spontaneous and
asynchronous breathing were evaluated. Each model presents its own unique advantages but equally
have their own application limitations. We have found that extending the IIPR with PREDATOR has
improved performance compared to previous methods. In this unique Dataset analysis, II PREDATOR
is the preferred method for respiratory mechanics estimation in volume control ventilation modes where
there is variable added patient-specific spontaneous and asynchronous breathing effort. This method
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provides a relatively stable estimate of respiratory mechanics with small changes in identified parameters
when sedation is applied and the patient effort ceases. Hence, it could be effectively used to extend
model-based methods for guiding MV to the relatively frequent cases where some patient spontaneous
breathing efforts are evident.
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Table A1: Median [Interquartile range] of E [cmH2O/L] pre- and post-sedation for each patient identified with each of
the six different models. ∆ is the difference in median, lower quartile and upper quartile of identified E after sedation is
applied
Single




Pre -14.0 [-17.6 : -12.0] 45.2 [43.1 : 48.9] 29.1 [20.5 : 30] 30.4 [29.7 : 31.8] 54.5 [49.4 : 64.1] -1.70 [-2.49 : -0.54]
Post 27.0 [26.5 : 27.2] 28.7 [28.1 : 28.9] 26.1 [25.6 : 26.8] 32.1 [31.5 : 32.4] 26.4 [26.1 : 27] 30.5 [29.7 : 30.8]
∆ 41.0 [44.1 : 39.2] -16.6 [-15 : -19.9] -3.01 [5.08 : -3.27] 1.74 [1.78 -0.59] -28.1 [-23.3 : -37.1] 32.2 [32.2 : 31.3]
2
Pre 45.2 [43.1 : 48.9] 29.1 [20.5 : 30] 54.5 [49.4 : 64.1] 25.2 [24.8 : 29.8] -1.7 [-2.49 : -0.54] 30.4 [29.7 : 31.8]
Post 28.7 [28.1 : 28.9] 26.1 [25.6 : 26.8] 26.4 [26.1 : 27] 28.3 [28.0 : 29.8] 30.5 [29.7 : 30.8] 32.1 [31.5 : 32.4]
∆ 14.1 [20.5 : -0.74] -1.62 [-0.97 : -1.94] 4.55 [7.7 : 0.57] 3.09 [3.27 : -0.09] -1.1 [5.11 : -5.8] 13.2 [17.3 : 8.91]
3
Pre 29.0 [28.2 : 29.5] 22.5 [19.1 : 26.7] 28.4 [21.7 : 33.9] 20.6 [19.8 : 24.5] 16.9 [12.5 : 21.3] 25.2 [24.8 : 29.8]
Post 27.3 [27.2 : 27.5] 27.1 [26.8 : 27.2] 27.3 [26.8 : 28.1] 21.8 [21.4 : 22.5] 30.0 [29.8 : 30.2] 28.3 [28 : 29.8]
∆ -1.25 [0.92 : -2.31] -2.87 [-2.59 : -2.92] 0.64 [2.95 : -1.23] 1.26 [1.60 : -2.02] 1.7 [5.17 : 0.82] 5.87 [8.23 : 3.49]
4
Pre 23.1 [22.4 : 23.3] 19.2 [16.5 : 21.5] 17.8 [13.8 : 20] 21.1 [20.9 : 21.7] 17.4 [14.7 : 20.0] 20.6 [19.8 : 24.5]
Post 20.2 [19.8 : 20.4] 19.8 [19.5 : 20.3] 19.5 [19.0 : 20.8] 21.7 [21.6 : 21.9] 23.2 [22.9 : 23.5] 21.8 [21.4 : 22.5]
∆ 1.14 [3.64 : 0.60] -4.7 [-2.11 : -3.44] 1.0 [1.64 : 0.76] 0.62 [0.70 : 0.24] 2.5 [3.12 : 1.09] 3.65 [4.37 : 1.2]
Table A2: Median [IQR] of R [cmH2Os/L] pre- and post-sedation for each patient identified with each of the six different
models. ∆ is the difference in median, lower quartile and upper quartile of identified R after sedation is applied
Single




Pre 18.6 [16.1 : 18.8] 7.48 [7.12 : 8.03] 10.2 [9.72 : 10.8] 9.01 [8.81 : 9.22] 5.3 [4.41 : 5.62] -5.94 [-7.0 : -4.89]
Post 11.3 [11.1 : 11.4] 10.1 [9.99 : 10.2] 11.5 [11.3 : 11.7] 8.19 [8.11 : 8.31] 11 [10.3 : 11.1] 8.91 [8.69 : 9.11]
∆ -7.3 [-5.0 : -7.44] 2.58 [2.86 : 2.18] 1.32 [1.59 : 0.88] -0.82 [-0.70 : -0.91] 5.68 [5.85 : 5.46] 14.8 [15.7 : 14.0]
2
Pre 8.90 [-0.89 : 14.2] 8.4 [8.16 : 8.62] 10.7 [10.1 : 11.9] 9.14 [8.96 : 9.59] 6.06 [-4.09 : 7.37] 2.48 [1.89 : 2.96]
Post 8.90 [8.62 : 9.12] 8.75 [8.56 : 8.97] 8.84 [8.59 : 9.1] 7.68 [6.96 : 8.00] 8.07 [7.5 : 8.69] 8.7 [8.64 : 8.79]
∆ -0.002 [9.51 : -5.08] 0.34 [0.40 : 0.35] -1.81 [-1.51 : -2.81] -1.46 [-2.0 : -1.59] 2.0 [11.6 : 1.32] 6.21 [6.75 : 5.83]
3
Pre 5.82 [5.16 : 6.31] 7.23 [6.77 : 7.57] 9.45 [6.78 : 13.2] 8.90 [7.57 : 10.7] 2.34 [1.79 : 2.76] 3.97 [3.25 : 4.42]
Post 7.66 [7.30 : 7.92] 7.84 [7.65 : 7.9] 7.78 [7.47 : 8.03] 6.46 [6.31 : 6.55] 6.76 [6.23 : 7.2] 6.53 [6.34 : 6.71]
∆ 1.85 [2.13 : 1.61] 0.61 [0.88 : 0.33] -1.68 [0.69 : -5.12] -2.44 [-1.27 : -4.12] 4.42 [4.43 : 4.43] 2.56 [3.1 : 2.29]
4
Pre 11.5 [11.3 : 12] 8.79 [8.45 : 9.53] 11.1 [10.8 : 11.5] 9.45 [9.28 : 9.76] 9.82 [9.47 : 10.6] 8.09 [7.78 : 8.34]
Post 11.5 [11.3 : 11.6] 9.7 [9.28 : 9.99] 11.2 [10.8 : 11.7] 9.24 [9.17 : 9.4] 9.89 [9.76 : 10.5] 8.8 [8.62 : 8.93]
∆ -0.01 [-0.01 : -0.42] 0.91 [0.84 : 0.46] 0.07 [0.03 : 0.16] -0.21 [-0.11 : -0.36] 0.07 [0.30 : -0.10] 0.71 [0.84 : 0.60]
Table A3: Median absolute deviations of identified elastance, E [cmH2O/L], for each model in each Dataset.
Single




Pre 2.21 2.85 2.02 0.818 7.65 1.12
Post 0.347 0.335 0.591 0.455 0.455 0.328
2
Pre 7.80 0.765 3.50 0.946 6.35 4.43
Post 0.19 0.155 0.161 0.284 0.529 0.222
3
Pre 2.12 0.536 2.49 0.863 3.20 2.67
Post 0.509 0.267 0.443 0.584 0.642 0.265
4
Pre 1.35 4.02 0.506 0.392 1.64 1.44
Post 0.356 2.78 0.257 0.185 0.413 0.381
Mean 1.86 1.46 1.25 0.566 2.61 1.36
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Table A4: Median absolute deviations of identified resistance, R [cmH2Os/L], for each model in each Dataset.
Single




Pre 0.712 0.364 0.554 0.211 0.571 1.05
Post 0.144 0.108 0.181 0.118 0.162 0.215
2
Pre 5.68 0.229 0.922 0.231 1.59 0.580
Post 0.223 0.215 0.257 0.419 0.588 0.0711
3
Pre 0.553 0.349 3.20 1.67 0.469 0.705
Post 0.331 0.0937 0.280 0.112 0.488 0.184
4
Pre 0.386 0.557 0.375 0.255 0.594 0.305
Post 0.154 0.354 0.400 0.0805 0.232 0.157
Mean 1.02 0.284 0.771 0.387 0.587 0.408
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